Existing research on the characteristics of digital natives, traditionally defined as those born after 1980, has shown subtle differences in how they approach technology compared with other cohorts. However, much of the existing research has focused on a limited set of conventional technologies, mostly related to learning. In addition, prior research has shown differences within this cohort in how they respond to autonomous technology (e.g., trust, reliance; Pak, Rovira, McLaughlin, & Baldwin, 2016) . The purpose of this short report, representing the first wave of data collection in a larger study examining technology experience and attitude change, is to directly address 2 shortcomings in the literature on digital natives which tends to emphasize: (a) civilian students; and (b) conventional, often learning technologies. We addressed these 2 issues by recruiting 2 subgroups of digital natives (students and military cadets) and assessing attitudes and experience with a wide range of technology spanning from conventional (e.g., mobile) to emerging (e.g., robotics). The results showed that that both groups were surprisingly unfamiliar with emerging consumer technologies. Additionally, contrary to expectations, cadets were significantly, albeit only slightly, less experienced with mobile technologies, VR/augmented reality, social media, and entertainment technology as compared to civilian undergraduates.
The military is and will continue to be an extremely technical and electronically connected environment. Technologies in use by soldiers include autonomous systems for intelligence analysis and targeting, remote sensing technologies that feed geospatial data from the air force to ground troops, and various forms of augmented and virtual reality immersion training systems. Emerging technologies and advancements in robotics, biotechnology, information technology, transportation, and nanotechnology are critical to the way wars are fought and won. General Mark Milley, Chief of Staff of the Army, has said that the Army must look to new emerging technologies that will change the way soldiers fight (Tan, 2016) . As a result, a better understanding of soldiers' perceptions and experiences with emerging technologies is needed to assess operational readiness and inform training.
Despite the intense interest in the digital literacy of current and future soldiers (Mobley, 2011) most studies examining student technological experience and competence have fo-cused on civilian students (e.g., Thompson, 2013 Thompson, , 2015 with a focus on learning technologies (Margaryan, Littlejohn, & Vojt, 2011) . As future leaders in an increasingly technological military, it is crucial to understand how the technological experiences of cadets may influence their attitudes toward and adoption of emerging technologies in both training (e.g., video games; Orvis et al., 2010) and the operational environment. Models of technology adoption (Bagozzi, Davis, & Warshaw, 1992) suggest that factors that derive from experience with technology (its perceived utility and perceived usability) dictate eventual adoption. In addition, prior research led us to believe that cadets' trust in emerging autonomous technologies may differ from that of civilian students (Pak, Rovira, McLaughlin, & Baldwin, 2016) .
A popular idea is that, having grown up in a highly technological environment, those born after 1980 are fundamentally different in their experiences and expectations of technology compared to other cohorts (Oblinger & Oblinger, 2005; Prensky, 2001) . Thompson (2013) summarized that "digital native" learners might have a craving for speed, desire to multitask, want constant connectivity, and expect ubiquitous technology availability as compared with "digital immigrants."
While having intuitive appeal, pedagogical research carried out in multiple countries has shown that as a group, digital natives might not be dramatically different from prior cohorts in sheer technological experience (Akçayır, Dün-dar, & Akçayır, 2016; Margaryan, Littlejohn, & Vojt, 2011; Selwyn, 2009; Thinyane, 2010; Thompson, 2013 Thompson, , 2015 . Instead, differences are more subtle, more complex, and warrant further review (Jones & Czerniewicz, 2010; Kennedy, Judd, Dalgarno, & Waycott, 2010) . For example, when comparing the factors that affect trust of online services, Hoffmann, Lutz, and Meckel (2014) found that, because of their widespread exposure to media, digital natives tended to rely on fewer trust cues (e.g., established brands, perceived size of user base) than other cohorts. The older "digital immigrants" were more cautious and tended to use more trust cues (e.g., privacy implications, risk vs. benefits). While newer research on digital natives might discount the traditional narrative that they have more technology experience than other cohorts, Hoffmann et al.'s (2014) results show that there do seem to be subtler differences between cohorts in processes such as trust formation with technology.
There is also evidence that there are similar trust process differences within cohorts. Prior research comparing different subgroups within digital native populations (e.g., cadets vs. civilian students; Pak, Rovira, McLaughlin, & Baldwin, 2016) showed that cadets' trust in automation was affected by different factors than students'. The source of these within-group differences were thought to be technology experiential differences between students and cadets but that study did not assess those technology experiential differences. Experience is a crucial component of trust (Muir & Moray, 1996) and is reflected in many models of trust and automated technology. For example, in Lee and See's (2005) influential model of trust in automation, user experience with automation directly feeds into their attitudes and beliefs about the automation. Attitudes about automation (e.g., trust) will then guide the formation of intentions and behaviors toward automation (use or disuse). Low trust might lead to rejection of automation technologies that could be beneficial. Similarly, high trust, engendered by frequent experience, could lead to overreliance on automation (e.g., Dzindolet et al., 2001 ) also known as complacency (Parasuraman & Manzey, 2010) .
Overview of the Study
The purpose of this short report, part of a larger study, is to directly address two shortcomings in the literature on digital natives which tends to emphasize: (a) civilian students; and (b) conventional, often learning technologies. We addressed these two issues by comparing two subgroups of digital natives (students and cadets) and assessing attitudes and experience with a wider range of technology spanning from conventional (e.g., mobile) to emerging (e.g., robotics). The purpose of the larger study is to assess the change in attitudes toward and experience with new technologies in first year cadets compared with their age-matched civilian undergraduate counterparts over the course of the next few years. This project compliments similar efforts by other researchers documenting unique cohort perceptions and characteris-tics of digital natives (Ender, Rohall, & Matthews, 2013; Orvis et al., 2010) .
Method Participants
Approximately half of the participants (n ϭ 239, 152 female) were civilian undergraduate students attending a large, public university in the southeast while the other half (n ϭ 238, 52 female) were undergraduate cadets attending a military academy in the northeast. The mean age of the student group was 19.0 (SD ϭ 1.3) while the mean age of the cadet group was 18.9 (SD ϭ 1.2). There was no significant difference in ages between the groups. Both groups received extra course credit in exchange for their participation. The research was approved by the institutional review board of the relevant universities.
Survey Instrument
The survey collected two components of attitude toward technology using two standardized measures: complacency potential rating scale (Singh, Molloy, & Parasuraman, 1993) and negative attitudes toward robots (Nomura, Suzuki, Kanda, & Kato, 2006) . Technology experience was measured with a custom inventory designed to assess newer technologies than previous measures.
Complacency potential. The complacency potential rating scale (CPRS; Singh et al., 1993) is a 16-item scale designed to measure complacency toward common types of automation (e.g., automated teller machines). Participants responded to the extent they agreed with statements about automation on a Likert scale of 1 to 5. The CPRS score was a sum of these responses and ranged from 16 to 80 (low to high complacency potential). The scale shows good internal consistency and reliability (r ϭ .87 and r ϭ .90, respectively; Singh et al., 1993) .
Negative attitudes toward robots. The negative attitudes toward robots scale (NATR; Nomura et al., 2006 ) is a 14-item questionnaire that measures levels of anxiety with robots. Participants provided the extent they agreed with statements on a Likert scale of 1 to 5. The scale contained three subscales which assessed: (a) interacting with robots in everyday situations, (b) the possible social influence of robots on others and society, and (c) the emotions evoked within themselves by interacting with the robot. Each of the three subscales showed good internal consistency and reliability with an English-speaking population (Syrdal, Dautenhahn, Koay, & Walters, 2009) .
Technology experience. The survey included questions regarding experience with computers, mobile phones, the Internet, and general technology. All questions were on a 5-point Likert scale (strongly disagree to strongly agree). There were eight general technology questions (e.g., I fix technology issues on my own), eight desktop questions (e.g., I often use keyboard shortcuts within computer programs), 10 Internet questions (e.g., I get my news from the web), and seven mobile technology questions (e.g., I often send text messages with my cell phone). The scoring system for the technology expertise survey is the sum of user ratings for each of the four subscales: general, desktop, Internet, and mobile technology. The sum of scores from the categories could range from 0 to 165 with higher scores indicating greater expertise.
A separate section focused on current usage of specific devices and services such as experience with robots (e.g., Roomba), virtual/ augmented reality (i.e., VR/AR; e.g., Oculus Rift), fitness technology (e.g., Fitbit), social media apps (e.g., Facebook), entertainment technology (e.g., video game consoles), and learning technologies (e.g., online courses). For each technology example, participants responded to the query "Please indicate how much you use . . ." on a Likert scale ranging from never (1) to daily (5). The scores were the mean reported usage values for each major category.
Procedure
After signing up, participants were e-mailed a link to the study. The survey was created in and distributed using the Qualtrics web-based survey platform. Measures (e.g., NATR, CPRS) were presented in a random order for each participant. Data were collected between November 2015 and January 2016.
Results
Analyses were performed using IBM SPSS version 22. There was a large gender disparity between the groups with the student group tend-ing toward females while the cadet group tended toward males. Thus, Table 1 shows means and standard deviations for each of the measures by group and gender.
Attitudes Toward Technology
Complacency Potential Rating Scale. The CPRS data was subjected to an analysis of variance (ANOVA) with means presented in Table  1 . Males had a slightly higher tendency for complacency than females. Though this main effect of gender was statistically significant, F(1, 450) ϭ 3.95, p Ͻ .05, the effect size was extremely low, p 2 ϭ 0.009. There were no significant group differences.
Negative attitudes toward robots. A multivariate ANOVA (MANOVA) was used to analyze the three subscales of the NATR scale. The multivariate main effect of gender was significant, Wilks' ⌳ ϭ 0.95, F(3, 448) ϭ 8.04, p Ͻ .05. For each of the three subscales, males had significantly less negative attitudes than females (see Table 1 ).
Technology Experience
General. The four subscales of general technology experience (general, desktop, Internet, mobile) were analyzed with a MANOVA and means are presented in Table 1 . The multivariate main effect of group was significant, Wilks' ⌳ ϭ 0. 97, F(4, 445) Table 1 ).
Specific. Experience levels with specific technologies were categorized into six groups: 
Discussion
The purpose of the current descriptive analysis was to report a snapshot of the technological breadth and attitudes among two distinct groups of digital natives. The data in the current report represents the first wave of data collection in what is a continuing project to examine how experience with and attitudes about technology change over time in a young sample of civilian students and cadets. First, perhaps the most dramatic finding was the sharp difference in experience levels (for both groups) between existing technologies (mobile, social media) and emerging technologies (VR, robotics). The whole sample's experience with newer technologies (robots, VR/augmented reality, and wearables) was extremely low. This finding is curious because technology adoption is known to be related to age; with younger adults being more open to embrace new technology than other age groups (e.g., Czaja et al., 2006) . However, it is not surprising because these newer technologies are often expensive and thus may be out of reach of college students. In addition, although we did not assess reasons for nonusage, the Technology Acceptance Model suggests that this cohort may not perceive emerging technology as useful or easy to use, affecting acceptance of the technology even when it is available (Bagozzi, Davis, & Warshaw, 1992) .
The second notable finding was that despite the low usage of the emerging technologies among our sample of digital natives, there were small and counterintuitive experiential differences between cadets and students with newer technologies such as virtual and augmented reality, with students having greater exposure and experience than cadets. Although there is no literature with respect to the cadet/student difference with emerging technologies, based on known differences in trust toward automated technologies (Pak, Rovira, McLaughlin, & Baldwin, 2016) it was hypothesized that cadets, with distinctive access and exposure to defenserelated technology, might have reported more experience with emerging technologies, especially robotics and virtual reality. However, these were first-year students and this could change by the time cadets graduate the Academy. Alternatively, it could be that the highly structured lifestyle of cadets may lead to less free time to engage with technology in general, as seen based on experience differences in social media and entertainment technology usage. Therefore, it is important for the military, with its increasing technological sophistication of its systems, ensure its future leaders and soldiers are well equipped with the appropriate experience to use emerging technologies.
Given the specific populations sampled in this study, there are some limitations that warrant mention. First, the gender balance between the two groups was extremely different with females dominating the civilian sample and males dominating the cadet sample. This natural confound of group membership and gender tempers any conclusion about the role of group membership (cadet or student) on experience and attitudes. For example, the finding of students being more experienced with health wearables than cadets may be a consequence of females dominating the student group. We deliberately chose not to oversample the groups to equate gender for fear that it might distort the conclusions we could draw about group membership (cadet or student); but we may revisit this strategy in future waves.
Second, the fast-paced nature of technology development means that the emerging technologies sampled in this survey will soon become commonplace (e.g., robotics, augmented reality) in the coming years. A striking example is that between the time of initial data collection (early 2016) and the submission of this article (mid 2016), the augmented reality mobile phone game Pokémon Go's explosive popularity in mid 2016 (Wingfield & Isaac, 2016 ) exposed a Note. Scores could range from never (1) to daily (5).
large audience to a practical application of augmented reality. This unanticipated event will clearly influence attitudes and experience with certain forms of technology that were formerly called "emerging" but was not reflected in this data collection wave. As formerly emerging technology reaches mainstream awareness, our subsequent data collection waves will incorporate newer examples of emerging technologies as they appear, such as nano-technology, cognitive/brain enhancement technologies, or wearable robotics (e.g., exoskeletons). The results of this first wave of data is that, in contrast to conventional wisdom that young "digital natives" are very technologically savvy, students and cadets were relatively inexperienced with many categories of emerging technology. This inexperience has practical implications not only for students, who may encounter such technologies in their future occupations, but especially cadets, who will undoubtedly interact with advanced technology in their military career. As models of technology suggest (Bagozzi, Davis, & Warshaw, 1992) eventual adoption of technology depends on factors (e.g., attitudes such as trust, perceptions of utility) that are dependent on levels of exposure to the technology and are likely to change with increased exposure. Thus, it may be useful to enhance training to expose students and cadets to technology; perhaps by incorporating them into learning curriculum.
